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Disclaimer

Working papers are intended to report exploratory results of research and analysis undertaken by the National Center for
Science and Engineering Statistics (NCSES). Any opinions, findings, conclusions, or recommendations expressed in this
working paper do not necessarily reflect the views of the National Science Foundation (NSF). This working paper has been
released to inform interested parties of ongoing research or activities and to encourage further discussion of the topic.
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Abstract

On May 5, 2020, the National Science Board (NSB) released its Vision 2030 report (NSB 2020), which lays out four central
priorities for the National Science Foundation this decade. One such priority, “expand the geography of innovation,”
envisions innovation hubs operating in every state to help retain the nation’s leadership in the science and engineering
enterprise. This working paper uses the very large sample size of the 2017 Annual Business Survey (N = 850,000) to
produce substate-level estimates of self-reported innovation rates. The analysis provides a baseline for assessing efforts
to actively seed and nurture innovation clusters throughout the country, identifying areas that are exceeding expectations
and others that may be falling behind. Because the concentration of innovation-intensive industry varies across the
country, a relative innovation rate that controls for the innovation rate expected from a region’s industrial structure is
provided. The analysis is descriptive and does not examine possible explanations of differences in regional innovation
rates.
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Introduction

Anyone who watches the news, reads the business section of newspapers, or simply uses technology probably has a
mental map of the geography of innovation. For nearly everyone, that map would include Silicon Valley, California; Seattle,
Washington; and Austin, Texas—regions that host iconic high-tech companies such as Apple, Microsoft, Google, Dell, Intel,
and Amazon. However, with growing concern over “places left behind”"—formerly prosperous regions that thrived during
the agricultural or industrial epochs of the economy—the question of the geographical extent of the innovation economy
has come into sharper focus. Is it really limited to a select number of global cities, or is the capacity to invent new
products and discover new ways of doing things more widely distributed?

This working paper provides empirical evidence of the concentration and dispersion of the broad-based definitions of self-
reported innovation available in the 2017 Annual Business Survey (ABS). The large sample size of the inaugural ABS
provides a unique opportunity to produce relatively precise estimates of innovation rates at the substate level that had not
been available in earlier innovation data collections such as those that were part of the 2014 Annual Survey of
Entrepreneurs or the Business R&D and Innovation Survey. The ABS is a firm- or enterprise-level survey, so the geography
of innovation is only precisely estimated for single-unit firms. The statistics that follow are all based on the single-unit
subpopulation that comprises close to 60% of the sample. The correspondence between single-unit firm estimates and
published estimates using the complete sample is addressed with respect to state innovation rates below.

Innovation rates at the national level broken out by industry, firm size, metropolitan/nonmetropolitan classification, and
settlement size categories provide benchmarks that will be helpful for making sense of the state-level breakouts that
follow. These estimates are preceded by an explanation of exactly how innovation is defined in the ABS and how these
measures will be used. The working paper concludes by identifying the most innovative labor market areas in the United
States, in terms of overall innovation rates and innovation rates that consider the concentration of high-tech, medium-
tech, and low-tech industry in the local economy.
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Defining Self-Reported Innovation Rates

Until the 1990s, the measurement of innovation was largely limited to utility patents and expenditures on research and
development. Recognition that utility patents are imperfect and incomplete measures of invention (much less of
innovation) and that R&D expenditures are inputs to the innovation process rather than measures of innovation output
compelled an international effort to develop a more inclusive measure of innovation (Arundel and Smith 2013). The Oslo
Manual, first published in 1992 by the Organisation for Economic Co-operation and Development (OECD), provided
guidance to national statistical agencies on the collection and interpretation of self-reported innovation data. The third
edition of the Oslo Manual, published in 2005, guided the design and development of the 2017 ABS used in this analysis
and thus provides the appropriate lens for examining these data (OECD/Eurostat 2005).

The two critical requirements for reporting a product innovation are (1) the innovation has been introduced on the market
and (2) the innovation is a new good or service for the firm or an existing good or service that was significantly improved.’
Market success of an innovation is not, however, a criterion. Thus, whether the innovation is “good” or “bad” as indicated
by popularity or sales volume is not considered in classifying a firm as innovative or not. This positive measure of product
innovation has the advantage of making data collection and classification easier, along with directly informing the role of
innovation in adaptive efficiency of the economy; that is, providing a measure of the number of firms that are introducing
new products or significantly improving existing products whether successful or not. The disadvantage of a positive
measure is that it is more difficult to connect the innovation measure directly to economic impact. This may be one
reason why relatively little research has been done on self-reported innovation measures in the United States to date.
Another possible reason is that an innovation measure that combines the introduction of completely new products with
the significant improvement or imitation of existing products may be at odds with how many Americans perceive
“innovation” (Peric and Galindo-Rueda 2014; Tuttle, Alvarado, and Beck 2019).

The most objective way to limit the measure of self-reported innovation to truly novel products or improvements is to
require that innovating firms be the first to introduce such products in their market. Respondents are asked if any of their
innovations have been “new to market,” being the first among competitors introducing an innovation. This qualification
eliminates the type of innovation that was most problematic for participants in a cognitive interview study: imitation
qualifying as innovation (Peric and Galindo-Rueda 2014; Tuttle, Alvarado, and Beck 2019). Many U.S. participants
expressed the view that their interpretation of “innovation” was limited to the creation of something unique.

Two innovation rates are thus reported in all the tables that follow: (1) any product innovation comprising new-to-firm and
new-to-market innovation and (2) a new-to-market rate of innovation that captures the creation or origination of unique
products.
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Relative Innovation Rates: Measuring Regional Innovative Shift

The collection of industries operating in a region is likely to affect the observed rates of any product innovation and new-
to-market innovation. Emerging industries that are exploring and developing new uses for foundational technology likely
contain firms more prolific in new-to-market innovation. More mature industries with established product lines and uses
are likely to demonstrate much lower rates of new-to-market innovation. However, differences in any product innovation
between emerging and mature industries is an empirical question because firms in mature industries may be making
numerous changes to existing products in order to remain competitive.

Measuring the relative innovation of a region given its collection of emerging and mature industries can be done by first
measuring the innovation rate for detailed industries at the national level. The predicted level of innovation for a region
can then be computed by assigning the national innovation rate to each firm within a detailed industry.2 Subtracting the
predicted innovation rate for the region from the observed innovation rate would provide an estimate of the region’s
innovative shift—the degree to which the collection of industries is more or less innovative than the same collection of
industries at the national level.

Regional Innovative Shift = Observed Innovation Rate — Predicted Innovation Rate

Deriving a regional innovative shift estimate that is statistically significant (i.e., the range of estimates does not include
zero after adding or subtracting a margin of error) is highly unlikely, given that the error associated with it is the addition of
the error rates from the observed and predicted rate estimates. Given this limitation, the analysis that follows will only be
able to indicate whether a regional innovative shift is likely to exist, indicated by the observed innovation rate being
statistically different from the predicted innovation rate. A positive regional innovative shift with the observed innovation
rate larger than the predicted innovation rate would indicate that local businesses, on average, are more innovative than
their peers throughout the nation.
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Self-Reported Innovation Rate Estimates

The first set of any product innovation and new-to-market innovation rates examined in table 1 is for detailed industries
and firm size classes for the United States, metropolitan areas, and nonmetropolitan areas. A separate column indicates
when metropolitan and nonmetropolitan innovation rates are statistically different.

TABLE 1

Any product innovation and new-to-market innovation rates, by industry and firm size class

(Percent innovating firms)

Industry group

11 Agriculture,
Forestry, Fishing
and Hunting

21 Mining

22 Utilities

23 Construction

31 Food & Fiber
Manufacturing

32 Nondurable
Manufacturing

33 Durable
Manufacturing

42 Wholesale
Trade

44 Retail Trade
45 Retail Trade

48
Transportation
and
Warehousing

49
Transportation
and
Warehousing

51 Information

52 Finance and
Insurance

53 Real Estate
Rental and
Leasing

54 Professional,
Scientific, and
Technical
Services

55 Management
of Companies
and Enterprises

56
Administration
and Support and
Waste
Management
and Remediation
Services

United States
Any New-
product to-

innovation market

10.16

8.61
13.72
12.35

36.14

27.06

29.62

28.01

21.34
28.84

10.92

14.07

38.17
20.7

11.59

22.66

10.46

17.5

3.86

3.75
5.07
4.36

20.76

13.90

17.95

16.91

10.97
16.05

3.42

6.25

21.07
8.05

4.00

9.39

4.23

6.11

any product
innovation

11.42

10.68
15.38
12.21

35.77
28.41
29.42

28.44

21.13
29.13

11.88

14.39

39.40
20.96

11.58

23.09

11.02

17.62

any product
innovation

8.91

6.92
9.79
13.00

37.63
21.69
30.37

24.28

22.00
27.41

8.28

12.25

29.59
19.35

11.60

18.61

6.32

16.85

Metropolitan/
Metropolitan: Nonmetropolitan: nonmetropolitan: | Metropolitan:
statistically

different

No

No
No
No

No

Yes

No

Yes

No
No

Yes

No

Yes

No

No

Yes

No

No

new to
market

3.88

4.46
517
4.26

20.38

14.68

18.08

17.17

10.83
16.17

3.81

593

21.76
8.09

3.87

9.59

4.40

6.10

Nonmetropolitan:
new to market

3.83

3.40
4.90
4.81

22.10
10.77
17.12

14.73

11.41
15.32

2.33

8.73

16.16
7.87

4.82

7.40

2.62

6.16

Metropolitan/
nonmetropolitan:
statistically
different

No

No
No
No

No
Yes
No

Yes
No
No

Yes

No

Yes

No

No

Yes

No

No
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TABLE 1
Any product innovation and new-to-market innovation rates, by industry and firm size class
(Percent innovating firms)

United States

Metropolitan/ Metropolitan/
Any New-  Metropolitan: Nonmetropolitan: nonmetropolitan: Metropolitan: nonmetropolitan:
product to- any product any product statistically new to Nonmetropolitan: statistically

Industry group innovation market innovation innovation different market new to market different

glrsfcicsa“o”a' 3427 17.05 33.96 36.47 No 16.82 18.37 No

62 Health Care

and Social 2017 7.22 20.32 19.17 No 7.19 7.41 No

Assistance

71 Arts,

Entertainment, 24.21 1211 24.83 21.55 No 12.45 10.56 No

and Recreation

72

:ﬁg‘;?g:fdatw” 16.42 822 16.18 17.55 No 8.10 8.77 No

Services

81 Other

ﬁ‘:g’l'izes (except 1737 7.58 17.64 15.97 No 7.66 7.17 No

Administration)

Firm size class
1-4 19.08 8.56 19.34 17.74 Yes 8.67 7.94 Yes
5-9 20.74  9.39 21.09 19.02 Yes 9.49 8.83 No
10-19 21.72 10.39 22.05 19.97 Yes 10.41 10.21 No
20-49 21.61 10.58 21.98 19.44 Yes 10.79 9.35 Yes
50-99 22.27 10.99 22.46 20.92 No 11.03 10.73 No
100-249 24.04 1222 24.12 23.24 No 12.26 11.72 No
250-499 2556 13.23 25.22 28.65 No 12.58 18.52 No
500-999 26.14 13.17 26.72 22.99 No 13.54 11.01 No
1,000 or more 22.89 10.57 23.11 23.85 No 10.83 10.69 No

Note(s):

Statistical difference is at the 0.05 level. The titles for NAICS 31-33, which are assigned the label of "Manufacturing” in the 2017 NAICS Manual, are
modified here to provide more information for the reader. Information on the detailed retail industries in NAICS 44 and NAICS 45 is available at
https://www.naics.com/what-is-naics-sector-44-45-full-description-and-statistics/. Information on the detailed Transportation and Warehousing
industries in NAICS 48 and NAICS 49 is available at https://www.naics.com/naics-code-description/?code=48-49. These estimates are derived
from companies with only a single location and may differ from the published innovation counts and estimates based on single- and multi-unit firms
(Kindlon 2021). Limiting analysis to single-unit firms eliminates the potential headquarters’ bias resulting from attributing innovation to the reporting
location of multi-unit firms and reduces potential measurement error resulting from attributing company reports of innovation to all branch
locations. The statistics allow inferences regarding the population of single-unit firms but do not allow inferences regarding the population of all
firms.

Source(s):
National Center for Science and Engineering Statistics and Census Bureau, 2018 Annual Business Survey: Data Year 2017.

As expected, new-to-market innovation rates vary considerably across industry groups. Industry groups commonly
associated with high-tech industries such as Information (North American Industry Classification System [NAICS] 51) and
Durable Manufacturing (NAICS 33) have new-to-market innovation rates that are 3 to 5 times higher than rates of industry
groups commonly associated with low-technology production such as Agriculture, Forestry, Fishing and Hunting (NAICS
11) or Mining (NAICS 21) despite intensive technology use. Food and Fiber Manufacturing (NAICS 31), which has
traditionally been perceived as low-tech given rankings based on R&D expenditures or patent production (Shackelford
2013), is highly innovative when measured by self-reports of new-to-market innovation. This ostensible inconsistency may
reflect the low barriers to new product introduction relative to barriers faced by other industry groups. This finding does
complicate the simple categorization of low-tech corresponding with lower rates of new-to-market innovation and high-


https://www.naics.com/what-is-naics-sector-44-45-full-description-and-statistics/
https://www.naics.com/naics-code-description/?code=48-49
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tech corresponding to higher rates of new-to-market innovation. Other industries that demonstrate relatively high new-to-
market innovation rates include Educational Services (NAICS 61), Wholesale Trade (NAICS 42), and Retailing including
Nonstore Retailing (NAICS 45). The relatively high self-reported new-to-market innovation rates in industry groups not
typically considered high-tech industry suggests that self-reported innovation rates across the country may be more
similar than commonly assumed, particularly because these industries tend to be more uniformly distributed throughout
the United States than high-tech industries are.

In general, new-to-market innovation rates track very closely to all product innovation rates (correlation coefficient =
0.9745; not shown). There do not appear to be any clear exceptions where industries with relatively low new-to-market
innovation rates demonstrate relatively high new-to-firm innovation rates, resulting in a large difference between any
product innovation and new-to-market innovation rates. In fact, the opposite trend is demonstrated: the largest
differences between any product innovation and new-to-market innovation rates are in those industries with relatively high
new-to-market innovation rates such as Food and Fiber Manufacturing (NAICS 31), Information (NAICS 51), and
Educational Services (NAICS 61). This suggests that innovation defined by significant improvement or imitation of
existing products tends to be highest in those industries that are most innovative in introducing completely new products.

The point estimates of self-reported new-to-market innovation and any product innovation rates increase gradually in
larger firm size classes. Most of these differences are not statistically significant. The very smallest firms with one to four
employees do demonstrate the lowest rates of self-reported any product innovation that is statistically different from that
of all other firm size classes (other than the largest firm size class, which has a large standard error given its limited
sample size). For new-to-market innovation, the two smallest firm size classes (with one to nine employees) demonstrate
lower rates that are statistically different from those of larger firms. It is important to recognize that the data pertain to
single-unit firms, so these numbers are not representative of innovation rates of multi-unit firms by size class.

Statistically significant differences in metropolitan and nonmetropolitan innovation rates by industry and firm size class
are indicated in a separate column. Point estimates of metropolitan innovation rates are in most cases above the
nonmetropolitan innovation rates, but these differences are statistically significant in only five industries: Nondurable
Manufacturing (NAICS 32), Wholesale Trade (NAICS 42), Transportation and Warehousing (NAICS 48), Information
(NAICS 51), and Professional, Scientific, and Technical Services (NAICS 54). The differences in Information (NAICS 51)
are the most notable because it is the one highly innovative industry in this group. A metropolitan or nonmetropolitan
difference is not evident in the other highly innovative industries such as Durable Manufacturing (NAICS 33), Educational
Services (NAICS 61), and Food and Fiber Manufacturing (NAICS 31). The expectation that nonmetropolitan firms will lag
significantly behind their metropolitan peers is supported for only a handful of industries.

A modest metropolitan any product innovation advantage for firms with fewer than 50 employees is evident in the data. A
metropolitan new-to-market innovation advantage is statistically significant for only the smallest firm size class (1 to 4
employees) and for firms with 20 to 49 employees. None of the differences in the larger firm size classes are statistically
significant. Here again, when estimates are statistically different, they appear to be more a difference of degree than a
difference in kind. The takeaway from table 1 is a modest metropolitan advantage in overall innovation rates. Table 2
presents innovation rates throughout the settlement hierarchy, providing a more nuanced view of where innovation may
be more or less prevalent.
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TABLE 2

Any product innovation and new-to-market innovation rates, by settlement size category

(Percent innovating firms)

Any product innovation New to market
Statistically larger than Statistically larger than
Rural-urban Innovating below rural-urban Innovating below rural-urban
continuum code Settlement size description firms (%) continuum code firms (%) continuum code
CZ includes counties in a metropolitan
1 area with a population of 1 million or 20.21 2,3,4,6,7,8,9 9.03 4,6
more
CZ includes counties in a metropolitan
2 area with a population of 250,000 to 1 19.44 4,6 8.84 4,6,7,8
million
CZ includes counties in a metropolitan
3 area with a population of fewer than 19.23 4,6,7,8 8.69 6
250,000
CZ includes counties with an urban
4 population of 20,000 or more adjacent 17.96 8.25

to a metropolitan area
CZ includes counties with an urban
5 population of 20,000 or more not 19.31 6,8 9.05 6
adjacent to a metropolitan area
CZ includes counties with an urban
6 population of 2,500 to 19,999 adjacent 16.93 7.74
to a metropolitan area
CZ includes counties with an urban
7 population of 2,500 to 19,999 not 17.77 8.53
adjacent to a metropolitan area
CZ includes counties that are
8 completely rural (urban population

fewer than 2,500) adjacent to a 16.73 /.80
metropolitan area
CZ includes counties that are

9 completely rural (urban population 18.47 8.01

fewer than 2,500) not adjacent to a
metropolitan area

CZ = 2010 Commuting Zone.

Note(s):

A statistically larger indicator is applied at the 0.05 level. These estimates are derived from companies with only a single location and may differ
from the published innovation counts and estimates based on single- and multi-unit firms (Kindlon 2021). Limiting analysis to single-unit firms
eliminates the potential headquarters’ bias resulting from attributing innovation to the reporting location of multi-unit firms and reduces potential
measurement error resulting from attributing company reports of innovation to all branch locations. The statistics allow inferences regarding the
population of single-unit firms but do not allow inferences regarding the population of all firms.

Source(s):
National Center for Science and Engineering Statistics and Census Bureau, 2018 Annual Business Survey: Data Year 2017.

Differences in self-reported any product innovation rates between the largest cities and completely rural counties
(counties with no settlements of at least 2,500 residents) are statistically significant but are not particularly large given
conventional wisdom that innovation is predominantly an urban phenomenon (World Bank 2009). Any product innovation
rates in the largest cities (metropolitan area population of 1 million or more) are also statistically larger than innovation
rates in all other settlement size classes with one exception. The difference between the largest city innovation rates and
rates in the largest nonmetropolitan counties (with urbanized populations of 20,000 to 50,000) that are not adjacent to a
metropolitan area are not statistically significant. The observation that point estimates in nonmetropolitan counties
adjacent to metropolitan areas are lower than estimates in their nonadjacent peer counties is an interesting finding that
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contradicts the belief that more remote areas will be more disadvantaged pursuing innovation. A real nonadjacent
innovation advantage could be explained by greater rural-to-urban flows in metropolitan proximate areas (a backwash
effect). Alternatively, higher innovation in nonadjacent counties may represent thinner markets in which reporting an
innovation is more likely, given the absence of metropolitan competitors.

12
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The Geography of Self-Reported Innovation

Given small differences in innovation rates across the settlement hierarchy, and unexpectedly high innovation rates
among some industries not thought of as high-tech, the expectation of large differences in self-reported innovation rates
across states and between the urban and rural portions of states is considerably diminished. Because the self-reported
measure does not consider the success of a new or significantly improved product in identifying innovation, our
expectations of significantly higher levels of innovation in the most dynamic, fastest-growing states and regions may be
muted. Interpreting the self-reported innovation rates as measures of adaptive efficiency—the capability for trying new
ways to succeed—is more consistent with the objective of providing a positive measure of innovation.

Table 3 presents any product innovation and new-to-market innovation rates for states.® The table indicates where the
observed innovation rates were significantly different from the predicted innovation rates if industries in the state were as
innovative as the national average. A statistically significant difference between observed and predicted innovation rates
is indicated by a (+) representing a positive regional innovative shift in which state industries are more innovative than the
same collection of industries in the nation. A (-) indicates a negative regional innovative shift in which state industries are
less innovative than the same collection of industries in the nation.

TABLE 3

Observed and predicted any product innovation and new-to-market innovation rates, by state

(Share of innovating firms)

Any product innovation New-to-market innovation

State Observed Predicted Shift Observed Predicted Shift
AL 0.1726 0.1927 - 0.0759 0.0870

AK 0.2189 0.1852 + 0.1052 0.0806 +
AZ 0.2100 0.1965 0.0942 0.0871

AR 0.1779 0.1903 0.0789 0.0850

CA 0.2111 0.2038 + 0.0979 0.0930

(60] 0.2219 0.1953 + 0.0987 0.0867 +
CT 0.1860 0.2020 0.0833 0.0927

DE 0.2130 0.1978 0.1028 0.0892

DC 0.2324 0.2086 0.1109 0.0926

FL 0.2053 0.1980 0.0889 0.0882

GA 0.1985 0.1969 0.0866 0.0887

HI 0.2182 0.1960 0.0975 0.0884

ID 0.1900 0.1840 0.0875 0.0807

IL 0.1942 0.1945 0.0865 0.0879

IN 0.1944 0.1925 0.0887 0.0875

IA 0.1765 0.1856 0.0843 0.0836

KS 0.1815 0.1893 0.0805 0.0850

KY 0.1660 0.1932 - 0.0680 0.0867 -
LA 0.1677 0.1917 - 0.0734 0.0853

ME 0.2002 0.1854 0.0945 0.0829

MD 0.1897 0.1937 0.0830 0.0849

MA 0.1900 0.1985 0.0877 0.0902

MmI 0.1995 0.1986 0.0924 0.0914

MN 0.1920 0.1928 0.0837 0.0869

MS 0.1685 0.1900 0.0721 0.0860 -
MO 0.1856 0.1925 0.0837 0.0862

MT 0.2257 0.1843 + 0.1064 0.0817 +
NE 0.1772 0.1829 0.0791 0.0811

NV 0.2229 0.1983 + 0.1069 0.0884 +
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TABLE 3

Observed and predicted any product innovation and new-to-market innovation rates, by state

(Share of innovating firms)

Any product innovation New-to-market innovation

State Observed Predicted Shift Observed Predicted Shift
NH 0.2147 0.1993 0.0995 0.0923

NJ 0.1882 0.2019 - 0.0860 0.0918

NM 0.2169 0.1909 + 0.1047 0.0846 +
NY 0.1819 0.2015 - 0.0823 0.0921 -
NC 0.2004 0.1938 0.0943 0.0874

ND 0.1768 0.1753 0.0822 0.0780

OH 0.1870 0.1975 - 0.0839 0.0906

OK 0.1733 0.1899 0.0770 0.0844

OR 0.2103 0.1932 + 0.0953 0.0871

PA 0.1885 0.1966 0.0847 0.0896

RI 0.1974 0.1983 0.0926 0.0910

SC 0.1868 0.1923 0.0756 0.0863

sSD 0.1717 0.1790 0.0828 0.0801

N 0.1984 0.1967 0.0857 0.0895

X 0.2006 0.1955 0.0901 0.0874

uTt 0.2104 0.1945 0.0985 0.0864

VT 0.1894 0.1929 0.0983 0.0878

VA 0.2023 0.1925 0.0912 0.0849

WA 0.2023 0.1933 0.0894 0.0867

Wv 0.1435 0.1840 - 0.0565 0.0817 -
Wi 0.1829 0.1914 0.0857 0.0878

WY 0.2059 0.1805 0.0919 0.0788

Note(s):

Shift refers to regional innovative shift in which + indicates that observed is statistically larger than predicted at the 0.05 level, and - indicates that
observed is statistically smaller than predicted at the 0.05 level. These estimates are derived from companies with only a single location and may
differ from the published innovation counts and estimates based on single- and multi-unit firms (Kindlon 2021). Limiting analysis to single-unit firms
eliminates the potential headquarters’ bias resulting from attributing innovation to the reporting location of multi-unit firms and reduces potential
measurement error resulting from attributing company reports of innovation to all branch locations. The statistics allow inferences regarding the
population of single-unit firms but do not allow inferences regarding the population of all firms.

Source(s):
National Center for Science and Engineering Statistics and Census Bureau, 2018 Annual Business Survey: Data Year 2017.

The two most salient geographic findings in the table are the western states’ proclivity toward positive regional innovative
shift and the eastern states’ tendency toward negative regional innovative shift. In the West, Alaska, Colorado, Montana,
Nevada, and New Mexico demonstrate a positive regional innovative shift for any product innovation and new-to-market
innovation, whereas the innovative shift for California and Oregon is limited to any product innovation. California does
demonstrate the highest predicted new-to-market innovation rate, consistent with expectations of a considerable high-
tech presence, that is close to its observed new-to-market innovation rate. New York also demonstrates one of the highest
predicted new-to-market innovation rates, but its observed innovation rate is significantly lower, suggesting a negative
regional innovative shift. Other eastern states with negative shifts include Alabama, Kentucky, Louisiana, Mississippi, New
Jersey, Ohio, and West Virginia.

The District of Columbia does provide a contrast to the story of a western innovation advantage, demonstrating the
highest point estimate for any product innovation or new-to-market innovation of any state. The fact that the city of
Washington is coterminous with the District of Columbia might explain the high innovation rates relative to most states
that combine metropolitan and nonmetropolitan areas. However, an examination of metropolitan and nonmetropolitan
innovation rates by state (not shown) identifies only six states in which the any product innovation rate was significantly
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lower for nonmetropolitan areas (Delaware, Georgia, lllinois, Kentucky, Ohio, and Virginia), one state with a significantly
lower nonmetropolitan new-to-market rate (Pennsylvania), and one state with significantly lower nonmetropolitan any
product innovation and new-to-market innovation rates (Texas). States with relatively large nonmetropolitan populations
such as Alaska, Montana, and Wyoming also demonstrate some of the highest observed innovation rates, suggesting that
rural areas do not inherently impede state-level innovation.

Geography is most easily communicated through maps, and figure 1 visually summarizes table 3. The difficulty of
expressing differences in innovation rates on a map from the ABS is that the state innovation rates are generally close
together, making ranking by point estimates problematic. The differences between the 10 most innovative and 7 least
innovative states are statistically different. However, for most states in the middle, it is not possible to characterize them
definitively as less innovative than the top states or more innovative than the bottom states. The largest category of
states is thus an intermediate or indeterminant classification.

FIGURE 1

New-to-market innovation, by state

Innovation
Hich
Intermediate

Lo

Note(s):

States in the high innovation category are statistically different from states in the low innovation category at the 0.05 level. States in the
intermediate category are not statistically different from states in the high and/or low innovation categories. Positive shift (+) indicates that the
observed innovation rate is statistically higher than the predicted innovation rate. Negative shift (-) indicates that the observed innovation rate is
statistically lower than the predicted innovation rate.

Source(s):
National Center for Science and Engineering Statistics and Census Bureau, 2018 Annual Business Survey: Data Year 2017.
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The western innovation advantage is evident in the map, with Delaware, the District of Columbia, and North Carolina the
only three high-innovation regions in the East. The West includes no low-innovation states, and all of the states
demonstrating a positive regional innovative shift are located here. In contrast, all states demonstrating a negative
innovative shift are in the East. However, the most compelling message from the map is that most states are in the
intermediate category. The only clear statistical evidence presented in the map is a difference in innovation rates between
states with high and low innovation rates. Thus, there is no evidence of a distinct coastal/heartland difference in self-
reported innovation that always seems to motivate discussion of the concentrated geographic distribution of venture
capital or R&D funding. This is encouraging to the extent that the motivation of businesses to innovate appears to be
much more broadly distributed than the funding streams for new ideas.

Two possible explanations for the rather flat geography of self-reported innovation are that state aggregates mask
considerable variation across substate areas or that the very smallest firm size classes mask variation in the larger firms,
which are less numerous. The former possibility will be investigated in the next section. As for the latter possibility,
limiting the estimation of innovation rates to firms with 10 or more employees, which is the common practice in the
Community Innovation Survey administered in European Union countries, substantially reduces sample size (N = 64,000),
making it more difficult to identify statistically significant differences among states. The immediate verdict is to suspend
judgment on whether the smallest firm size classes are masking larger innovation differences across states. However, the
following substate analysis poses the question somewhat differently: are assumed coastal standouts such as Silicon
Valley (San Jose), San Francisco, and Boston masked in statewide averages?
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Most Innovative Commuting Zones: Overall and Controlling for Industrial
Composition

The substate regions used in this analysis are the 2010 commuting zones, collections of individual counties linked by
strong intercounty commuter flows (Fowler and Jenson 2020; Fowler, Rhubart, and Jensen 2016). Commuting zones have
the advantage of defining a functional economic region and providing a larger sample size for estimating innovation rates
than a county geography. In contrast to metropolitan statistical areas, commuting zones are inclusive of all areas in the
United States. Commuting zone geographies have been frequently used in studies of innovation and labor market issues
(Acemoglu and Restrepo 2020; Autor, Dorn, and Hanson 2013; Bell et al. 2019).

Ranking the 50 most innovative commuting zones by point estimate is problematic because the standard errors are
considerably larger than those for the state estimates. Ranking by the lower limit of the 95% confidence interval for the
innovation rate estimate limits the number of false positives (i.e., commuting zones included in the top 50 list that are in
fact not particularly innovative). This ranking is provided in table 4. The trade-off is that some truly innovative commuting
zones may be excluded from the list (false negatives), and this misclassification is more likely to affect smaller
commuting zones. However, the central concern that state-level estimates are masking high innovation rates in global
cities on the coasts can be effectively assessed.

TABLE 4

Top 50 commuting zones, by robust new-to-market innovation rates

(Share of innovating firms)

Standard error of Robust

Main CBSA or county names, state, commuting zone ID Mean mean mean Shift
Kokomo, Logansport, Peru, IN 176 0.1608 0.0139 0.1334 Yes
Fredericksburg, Kerrville, TX 561 0.1636 0.0234 0.1176 Yes
Santa Fe, Espafiola, Los Alamos, Las Vegas, NM 400 0.1429 0.0143 0.1148 Yes
Wallowa, OR 487 0.2955 0.0939 0.1111| Yes
San Jose, Sunnyvale, Santa Cruz, Salinas, CA 70 0.1134 0.0061 0.1013 ' Yes
Flagstaff, AZ 33 0.1702 0.0361 0.0993| Yes
Fairbanks, AK 21 0.1186 0.0107 0.0977| Yes
Austin, Round Rock, TX 534 0.1157 0.0092 0.0977 Yes
Casper, WY 622 0.1261 0.0145 0.0976| Yes
Accomack, Northampton, VA 581 0.1805 0.0430 0.0961 No
San Francisco, Oakland, Napa, Santa Rosa, Vallejo, CA 58 0.1020 0.0037 0.0947 Yes
Las Vegas, Henderson, Paradise, Pahrump, NV 386 0.1055 0.0057 0.0943  Yes
Blacksburg, Christiansburg, Radford, VA 593 0.1443 0.0257 0.0937 No
(ISZT(SA'r\l/%enIEJsr,aIT%rE 6Bgeach, Anaheim, Riverside, San Bernardino, Ontario, Oxnard, Thousand 0.0984 0.0028 00928 No
Bozeman, Helena, MT 349 0.1217 0.0148 0.0926 Yes
Washington, Arlington, Alexandria, DC, VA, MD, WV 93 0.0976 0.0037 0.0903 Yes
Columbus, OH 451 0.1078 0.0096 0.0890/ No
Glenwood Springs, Edwards, Breckenridge, CO 83 0.1093 0.0104 0.0890 Yes
Traverse City, MI 287 0.1229 0.0174 0.0889| No
Wilmington, Myrtle Beach, NC, SC 422 0.1106 0.0111 0.0888 Yes
Miami, Fort Lauderdale, West Palm Beach, FL 98 0.0942 0.0029 0.0885 No
Portland, Vancouver, Hillsboro, OR, WA 475 0.0959 0.0041 0.0878 No
Boston, Cambridge, Newton, MA, NH; Manchester, Nashua, NH; Concord, NH; Portland,

South Portland, I\EI]E 281 0.1001 0.0064 0.0877| No
Asheville, Wilmington, Brevard, NC 423 0.1189 0.0159 0.0876 No
Denver, Aurora, Boulder, Fort Collins, CO 74 0.0958 0.0043 0.0873 No

Philadelphia, Camden, Wilmington, PA, NJ, DE, MD 92 0.0979 0.0056 0.0869 No
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TABLE 4

Top 50 commuting zones, by robust new-to-market innovation rates

(Share of innovating firms)

Main CBSA or county names, state, commuting zone ID

Virginia Beach, Norfolk, Newport News, VA, NC; Kill Devil Hills, NC 419
Pueblo, Colorado Springs, CO 80

Grand Rapids, Wyoming, Holland, lonia, MI 285

Dallas, Fort Worth, Arlington, Corsicana, TX 564

Urban Honolulu, Hilo, Kahului, Wailuku, Lahaina, Kapaa, HI 135
Minneapolis, St. Paul, Bloomington, MN, W1 301

San Diego, Carlsbad, El Centro, CA 64

Durham, Chapel Hill, Raleigh, Henderson, NC 427

St. George, Cedar City, UT 571

Atlanta, Sandy Springs, Roswell, GA 115

Santa Maria, Santa Barbara, San Luis Obispo, Paso Robles, Arroyo Grande, CA 73
Seattle, Tacoma, Bellevue, Bremerton, Silverdale, Olympia, Tumwater, Bellingham, WA 602
Salt Lake City, Provo, Orem, Ogden, Clearfield, UT 574

Wenatchee, WA 600

Charlotte, Concord, Gastonia, Shelby, Albemarle, NC, SC 424

Tucson, Sierra Vista, Douglas, Nogales, AZ 32

Charlottesville, VA 582

Anchorage, AK 18

Laredo, Zapata, TX 560

Deltona, Daytona Beach, Ormond Beach, Palatka, FL 105

Des Moines, West Des Moines, |IA 189

New York, Newark, Jersey City, Kingston, NY, NJ, PA 411

Detroit, Warren, Dearborn, Ann Arbor, Jackson, Adrian, MI 296
Medford, Grants Pass, OR 483

Trenton, NJ; Allentown, Bethlehem, Easton, PA, NJ (includes parts of New York, Newark,
Jersey City, NY, NJ, PA) 391

CBSA = core-based statistical area.

Note(s):

Mean

0.1313
0.1033
0.1029
0.0952
0.1014
0.0937
0.0952
0.1006
0.1202
0.0911
0.1130
0.0912
0.0976
0.1133
0.0898
0.0993
0.1063
0.1095
0.1325
0.1006
0.1008
0.0860
0.0879
0.1096

0.0871

Standard error of

mean

0.0226
0.0088
0.0088
0.0049
0.0082
0.0044
0.0053
0.0083
0.0183
0.0035
0.0150
0.0039
0.0072
0.0158
0.0038
0.0090
0.0126
0.0145
0.0262
0.0100
0.0102
0.0030
0.0040
0.0151

0.0037

Robust
mean
0.0868
0.0860
0.0856
0.0855
0.0853
0.0851
0.0848
0.0842
0.0842
0.0842
0.0836
0.0835
0.0835
0.0823
0.0822
0.0816
0.0814
0.0811
0.0809
0.0809
0.0808
0.0800
0.0800
0.0799

0.0799

18

Shift
No
No
No
No
No
No
No
No

Yes
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No

No

"Yes" for regional shift indicates that the observed new-to-market innovation rate is statistically larger than the predicted new-to-market innovation
rate at the 0.05 level. These estimates are derived from companies with only a single location and may differ from the published innovation counts
and estimates based on single- and multi-unit firms (Kindlon 2021). Limiting analysis to single-unit firms eliminates the potential headquarters’ bias
resulting from attributing innovation to the reporting location of multi-unit firms and reduces potential measurement error resulting from attributing
company reports of innovation to all branch locations. The statistics allow inferences regarding the population of single-unit firms but do not allow

inferences regarding the population of all firms.

Source(s):

National Center for Science and Engineering Statistics and U.S. Census Bureau, 2018 Annual Business Survey: Data Year 2017.

Silicon Valley (San Jose), San Francisco, Boston, Austin, Seattle, and other areas identified with high tech are included in
table 4. However, the estimated innovation rates are not substantially different from their respective state innovation
rates. In fact, the rates for all but Austin are not statistically different from the rates for their state. Table 4, listing the 50
most innovative commuting zones, reinforces the conclusion from the state table that regional differences in self-reported
innovation rate are matters of degree rather than kind. The combination of global cities (the District of Columbia, Los
Angeles, New York City, and San Francisco), small rural areas (Wallowa, Oregon), small midwestern cities (Kokomo,
Indiana), and university-dominated regions (Blacksburg and Charlottesville, Virginia) on the list challenges the notion that
any particular type of region is pulling away in the introduction of new products. It is important to remember that the
positive measures of innovation are not dependent on market success, so there may be large regional differences in the

economic outcomes derived from the introduction of new products.



National Center for Science and Engineering Statistics | NCSES 22-206 19

Figure 2 maps the findings in table 4, providing visual evidence of the dispersion of the top 50 commuting zones. The
western dominance evident in the state map is replaced with greater regional balance for substate areas. Notable
geographic features are the high-innovation commuting zones clustering in the eastern seaboard megalopolis between
the District of Columbia and New York City, and the Northern and Southern California clusters. Large areas on the map
that are seemingly devoid of any high-innovation commuting zones such as the Great Plains should be assessed with
caution, given the high probability of false negatives for small-population commuting zones characterizing the region.

FIGURE 2
Top 50 new-to-market innovation commuting zones
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Note(s):

Robust mean is lower bound of 95% confidence interval for commuting zone mean. Information on commuting zones and constituent counties is
available at https://sites.psu.edu/psucz/files/2018/09/counties10-21t2x4h.xIsx. More information on countycode is available at https://
www.ers.usda.gov/webdocs/DataFiles/53251/ruralurbancodes2013.xls?v=5649.8. "Yes" for shift indicates that the observed innovation rate is
statistically higher than the predicted innovation rate (not shown).

Source(s):
National Center for Science and Engineering Statistics and Census Bureau, 2018 Annual Business Survey: Data Year 2017.


https://sites.psu.edu/psucz/files/2018/09/counties10-21t2x4h.xlsx
https://www.ers.usda.gov/webdocs/DataFiles/53251/ruralurbancodes2013.xls?v=5649.8
https://www.ers.usda.gov/webdocs/DataFiles/53251/ruralurbancodes2013.xls?v=5649.8

National Center for Science and Engineering Statistics | NCSES 22-206 20

Substate regions specializing in more innovative industries are more likely to be included in the top 50 list. California
commuting zones making the list have some of the highest predicted innovation estimates in the country. Assessing the
innovative activity in a commuting zone controlling for the industries located there is possible using the regional
innovative shift measure described earlier. Commuting zones with observed innovation rates statistically higher than their
predicted innovation rates indicate that local businesses are more innovative, on average, than their industry peers. The
geographic distribution of these regions gives an idea of where business-level innovation is particularly active. Table 5
may not capture all such regions, given larger errors in innovation rate estimates for smaller areas.

TABLE 5

Commuting zones with higher innovation rates than predicted
(Share of innovating firms)
Any product innovation = New-to-market innovation
Main CBSA or county names, state, commuting zone ID  Number Observed Predicted Shift Observed Predicted | Shift

Flagstaff, AZ 33 280 0.2723 0.1844 + 0.1702/  0.0811 +
San Francisco, Oakland, Napa, Santa Rosa, Vallejo, CA58 7,500  0.2226 0.2051 0.1020 0.0934| +

+

San Jose, Sunnyvale, Santa Cruz, Salinas, CA 70 3,200/ 0.2365 0.2074 + 0.1134| 0.0948 +
Denver, Aurora, Boulder, Fort Collins, CO 74 8,300 0.2231 0.1989 + 0.0958 0.0884
Glenwood Springs, Edwards, Breckenridge, CO 83 680  0.2155 0.1786 0.1093 0.0774| +
Washington, Arlington, Alexandria, DC, VA, MD, WV 93 8,600  0.2182 0.1985 + 0.0976 0.0864
Orlando, Kissimmee, Sanford, FL 101 3,700 0.2156 0.1946 + 0.0907 0.0855
Jackson, WY, ID 147 440  0.2738 01773 + 0.1354,  0.0770
Kankakee, IL 165 150/ 0.2661 0.1968 + 0.1198 0.0920
Kokomo, Logansport, Pery, IN 176 170 0.2472 0.1912 0.1608 0.0891 +
Bozeman, Helena, MT 349 950  0.2621 0.1893 + 0.1217  0.0837
Las Vegas, Henderson, Paradise, Pahrump, NV 386 3,600  0.2205 0.1991 0.1055 0.0880
Elko, Winnemucca, NV 387 230  0.2501 0.1850 + 0.1178 0.0822
Santa Fe, Espafiola, Los Alamos, Las Vegas, NM 400 560 0.2686 0.2005 + 0.1429 0.0901
Wilmington, Myrtle Beach, NC, SC 422 650  0.2264 0.1897 0.1106  0.0838
Durham, Chapel Hill, Raleigh, Henderson, NC 427 3,200 0.2227 0.1968 + 0.1006 0.0874
Portland, Vancouver, Hillsboro, OR, WA 475 5,300 0.2240 0.1986 + 0.0959 0.0900
Medford, Grants Pass, OR 483 600 0.2646 0.1901 + 0.1096 0.0857
Wallowa, OR 487 30 0.3575 0.1816 0.2955| 0.0817 +
Cookeville, TN 521 180, 0.2793 0.1982 + 0.1142| 0.0907
Austin, Round Rock, TX 534 2,400 0.2474  0.2033 + 0.1157| 0.0909 +
Fredericksburg, Kerrville, TX 561 140 0.2708 0.1854 + 0.1636 0.0818 +
St. George, Cedar City, UT 571 490, 0.2007 0.1817 0.1202 0.0792| +
Casper, WY 622 380  0.2265 0.1827 0.1261 0.0808| +

CBSA = core-based statistical area.

Note(s):

+ indicates that observed is statistically larger than predicted at the 0.05 level. These estimates are derived from companies with only a single
location and may differ from the published innovation counts and estimates based on single- and multi-unit firms (Kindlon 2021). Limiting analysis
to single-unit firms eliminates the potential headquarters’ bias resulting from attributing innovation to the reporting location of multi-unit firms and
reduces potential measurement error resulting from attributing company reports of innovation to all branch locations. The statistics allow
inferences regarding the population of single-unit firms but do not allow inferences regarding the population of all firms. The numbers of
observations are rounded.

Source(s):
National Center for Science and Engineering Statistics and Census Bureau, 2018 Annual Business Survey: Data Year 2017.

Many of the commuting zones in table 4 are also included in table 5. Global city commuting zones with high predicted
innovation rates and even higher observed innovation rates such as Austin, San Francisco, and San Jose, appear in both
tables. In contrast, Boston, Los Angeles, New York, and Seattle appear in table 4 but not table 5 because the observed
innovation rates were close to the predicted innovation rates. Denver, Aurora, Boulder, Fort Collins (Colorado); Portland,
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Vancouver, Hillsboro (Oregon/Washington); and Durham, Chapel Hill, Raleigh, Henderson (North Carolina) appear in both
tables, but the regional innovative shift is in any product innovation, not the new-to-market innovation measure used in
table 4. Commuting zones with relatively low predicted innovation rates but very high observed innovation rates include
St. George, Cedar City (Utah); Casper (Wyoming); Wallowa (Oregon); and Bozeman, Helena (Montana). Commuting zones
with a regional innovative shift in all product innovation that do not appear in the top 50 list include Jackson (Wyoming/
Idaho); Cookeville (Tennessee); Elko, Winnemucca (Nevada); Kankakee (lllinois); and Orlando, Kissimmee, Sanford
(Florida).

The examination of self-reported innovation rates within functional economic regions defined by commuting zones
reinforces findings from the state-level, industry, settlement size, and establishment size analyses: innovation advantages
do characterize some entities as expected, but aggregate differences are modest. Silicon Valley (San Jose), San
Francisco, and Austin being included in table 4 and table 5 reflect a concentration in more innovative industries and
excelling in those industries relative to national peers. Despite this double advantage, self-reported innovation rates do not
demonstrate the marked spatial concentration observed in other innovation indicators such as R&D expenditures
(Shackelford and Wolfe 2021) or venture capital funding (Florida and Hathaway 2018). Possible implications of these
divergent findings are discussed in the conclusion.
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Conclusion

The very large sample size in the inaugural 2017 ABS provides the unique opportunity to examine differences in regional
self-reported innovation rates that was not possible with earlier federal collections of innovation data. Modest differences
in regional innovation rates are explained by relatively small differences in innovation rates across the settlement
hierarchy, and relatively high innovation rates among some low-tech or traditional industries are distributed throughout the
country (see Gault 2016). The absence of large regional differences in self-reported innovation rates has significant
implications for policy priorities that focus on expanding the geography of innovation, for the utility of the innovation
measure in the analysis of economic growth and development, and for future analyses of the geography of self-reported
innovation.

The positive measure of innovation collected in the ABS that focuses solely on the introduction of new products or
significant change in existing products has a distinct advantage over a normative measure of successful innovation: it
does not confound the separate processes of implementing a novel idea with the activities and resources associated with
innovative success. The positive measure of innovation effectively captures the elements of the innovation process over
which policy may have the least influence. Clearly, a counterfactual of some regions having much lower rates of self-
reported innovation would pose a much greater threat to expanding the geography of innovation. If the building blocks of
novelty generation and risk-taking behavior that are essential to any innovative endeavor are in short supply in a state or
region, then investments in the resources to increase innovative success will be hamstrung from the outset. Instead, the
available data demonstrate relatively small differences in the local propensity to bring new ideas to market.

The lack of variation in the self-reported innovation measure compared with wide regional variation in economic
outcomes may help explain the relative disinterest of regional scientists and economic geographers in positive measures
of self-reported innovation, at least in the United States. Self-reported innovation may be a relatively weak explanatory
variable of economic growth. However, if novelty generation and risk aversion as inherent characteristics of a population
are not as amenable to policy, then the independent effect of self-reported innovation on economic growth, by itself, may
be uninformative. Self-reported innovation can be understood as a necessary but not sufficient condition for economic
dynamism.

Research examining economic dynamism in places where it was unexpected found that single factors in isolation have
little explanatory power (McGranahan, Wojan, and Lambert 2011). Entrepreneurial context may be similar to self-reported
innovation as local data on self-employment, or the size of the small firm sector, do not consider the likelihood of
success. McGranahan, Wojan, and Lambert (2011) found that entrepreneurial context did not explain employment or
establishment growth well if not combined with local employment in creative occupations and an attractive endowment of
natural amenities. Creative occupations and natural amenities were likewise relatively inert in explaining economic
dynamism in areas with weak entrepreneurial context. The critical empirical question is what activities and resources are
required to transform new ideas into impactful innovations. Reliable data on self-reported innovation at relatively small
geographic scales will be valuable in identifying the requisite activities and resources and for evaluating policies and
initiatives to expand the geography of impactful innovation.

The conjecture that self-reported innovation is analogous to entrepreneurial context in providing a necessary but not
sufficient condition for economic dynamism can be empirically tested using the ABS microdata available in Federal
Statistical Research Data Centers. Alternative explanations for the small regional differences in self-reported innovation
rates owing to social desirability bias or other measurement errors should be examined. However, research using the Oslo
Manual innovation questions in the ABS, supplemented with latent class analysis of establishment-level attributes thought
to be associated with innovative capability, arrived at the conclusion that urban—rural differences in innovation rates were
modest (Wojan and Parker 2017). At the micro level, this augmented measure of self-reported innovation was associated
with higher rates of survival among manufacturing establishments, suggesting that the innovation questions are capturing
information relevant to economic performance (Wojan, Crown, and Rupasingha 2018).
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The data collection strategy of the National Center for Science and Engineering Statistics pertaining to self-reported
innovation is to field a large ABS with a sample size of ~800,000 every 5 years, to align with the U.S. Economic Census
reference years of 2017, 2022, and 2027. Intervening years, when the U.S. Economic Census is not conducted, will have a
sample size of ~300,000. Limiting the geographic analysis to single-unit firms reduced usable sample size by more than a
third. Replicating the analysis here will be possible when the 2023 ABS (reference year 2022) data become available.
Longitudinal analysis that tracks the performance of 2017 ABS respondents through time via links to the Census
Longitudinal Business Database will allow identifying factors that result in impactful outcomes when combined with self-
reported innovation. This longitudinal approach can effectively be implemented in the intervening years between U.S.
Economic Census years because examining performance of firms using microdata does not impose the very large sample
size requirements for precise estimates of proportions from a binomial distribution.
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Notes

1 The exact wording of the product innovation question in the 2017 ABS is, “During the three years 2015 to 2017, did this
business introduce new or significantly improved: a. Goods. (exclude the simple resale of new goods and changes of a
solely aesthetic nature). A good is usually a tangible object such as a smartphone, furniture, or packaged software, but
downloadable software, music and film are also goods. b. Services. A service is usually intangible, such as retailing,
insurance, educational courses, air travel, consulting, etc.” The survey instrument is available at https://www.nsf.gov/
statistics/srvyabs/surveys/srvyabs-2017-abs-1.pdf .

2 The innovation rate is conventionally computed as the mean of a binomial (0 for non-innovating or 1 for innovating)
distribution. To compute the predicted innovation rate, the 0 or 1 for each firm is replaced with the national innovation rate
for the industry. The predicted innovation rate for a region is simply the mean of the predicted innovation rates across all
industries in a region, essentially weighted by the number of firms in each industry with their corresponding sample
weights.

3 The correspondence of the single-unit innovation rates to innovation rates calculated on the full sample for states
(Kindlon 2021) was assessed by calculating the rank order correlation. The rank order correlation of the published state
innovation rates in the 2017 ABS and the single unit innovation rates is 0.98615, suggesting a very close correspondence.
The largest difference in rank is for New York, which ranks 45th using the full sample ABS but 39th when limited to single-
unit firms. Single-unit any product innovation rates are consistently 1.2% to 1.5% higher than the firm-level (single- and
multi-unit) innovation rates.


https://www.nsf.gov/statistics/srvyabs/surveys/srvyabs-2017-abs-1.pdf
https://www.nsf.gov/statistics/srvyabs/surveys/srvyabs-2017-abs-1.pdf
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